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Abstract: Using remote sensing to rapidly acquire large-area crop growth information (e.g., shoot
biomass, nitrogen status) is an urgent demand for modern crop production; unmanned aerial vehicle
(UAV) acts as an effective monitoring platform. In order to improve the practicability and efficiency
of UAV based monitoring technique, four field experiments involving different nitrogen (N) rates
(0–360 kg N ha−1) and seven winter wheat (Triticum aestivum L.) varieties were conducted at different
eco-sites (Sihong, Rugao, and Xinghua) during 2015–2019. A multispectral active canopy sensor
(RapidSCAN CS-45; Holland Scientific Inc., Lincoln, NE, USA) mounted on a multirotor UAV platform
was used to collect the canopy spectral reflectance data of winter wheat at key growth stages, three
growth parameters (leaf area index (LAI), leaf dry matter (LDM), plant dry matter (PDM)) and three
N indicators (leaf N accumulation (LNA), plant N accumulation (PNA) and N nutrition index (NNI))
were measured synchronously. The quantitative linear relationships between spectral data and six
growth indices were systematically analyzed. For monitoring growth and N nutrition status at Feekes
stages 6.0–10.0, 10.3–11.1 or entire growth stages, red edge ratio vegetation index (RERVI), red edge
chlorophyll index (CIRE) and difference vegetation index (DVI) performed the best among the red
edge band-based and red-based vegetation indices, respectively. Across all growth stages, DVI was
highly correlated with LAI (R2 = 0.78), LDM (R2 = 0.61), PDM (R2 = 0.63), LNA (R2 = 0.65) and PNA
(R2 = 0.73), whereas the relationships between RERVI (R2 = 0.62), CIRE (R2 = 0.62) and NNI had high
coefficients of determination. The developed models performed better in monitoring growth indices
and N status at Feekes stages 10.3–11.1 than Feekes stages 6.0–10.0. To sum it up, the UAV-mounted
active sensor system is able to rapidly monitor the growth and N nutrition status of winter wheat and
can be deployed for UAV-based remote-sensing of crops.
Keywords: growth status; nitrogen nutrition; RapidSCAN CS-45; unmanned aerial vehicle;
vegetation index
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1. Introduction
Overapplication of nitrogen (N) fertilizers is a common problem in crop production. Precision
N management is developed to improve N use efficiency by matching fertilizer N input with spatial
and temporal crop N demand [1,2]. Crop growth and N nutrition status estimation is prerequisite for
determining optimal N application rate; remote sensing techniques act as a rapid, nondestructive and
efficient method.
Remote sensing has been widely applied for monitoring crop growth and N nutrition indicators,
the main platforms include satellite [3,4], aerial [5,6] and ground platforms [7,8]. Satellites can monitor
large crop areas for precision management, and satellite data have been effectively used to monitor
aboveground dry matter and N accumulation in winter wheat [9,10]. However, the quality of remote
sensing data from passive sensor-based satellites should be easily affected by cloudy or rainy weather
conditions, which leads to the lack of applicable real-time sensing datasets for crop monitoring [11,12].
Ground sensing platforms are easy to operate and produce highly repeatable data for monitoring
crop growth. For example, data from ground-based hyperspectral sensing have high resolution and
continuity, and this sensing platform has been used to estimate plant and leaf N content in winter
wheat [13,14]. However, hyperspectral sensors use a wide range of wavebands, producing massive
datasets that require time-consuming data processing [15]. Additionally, hyperspectral sensors mainly
use passive light sources and have strict requirements for proper function with respect to light intensity
and other environmental conditions. Thus, the use of these sensors is restricted by weather and
other environmental factors [16]. Active sensors are equipped with an internal light source, which
can mitigate the influence of cloud cover and other suboptimal environmental conditions. Portable
active canopy sensors, such as GreenSeeker and Crop Circle, have been used widely in precision
crop management [17,18]. GreenSeeker sensors have been used to estimate wheat N status and
rice yield [19,20]. However, default values of the normalized difference vegetation index (NDVI)
exported from the sensor were saturated when crop populations were large; thus, unreliable data were
produced during the late growth period [21]. The Crop Circle ACS-470 sensor has six wavebands:
450, 550, 650, 670, 730 and 760 nm. Several potential spectral vegetation indices can be constructed by
combining different bands, and such indices have been used successfully to estimate wheat and corn
N status [22,23]. Holland Scientific has developed another active canopy sensor, RapidSCAN CS-45,
which has three fixed wavebands covering red (670 nm), red edge (730 nm) and near-infrared (780 nm)
regions. Therefore, many potential vegetation indices could be derived by the spectral data collected
using this sensor. For example, the red band can be used to calculate different red-based vegetation
indices, such as common difference vegetation index (DVI) and NDVI, which have been used for
successfully monitoring rice LAI [24], maize N status [18] and wheat yield [25]. Otherwise, the red
edge-based vegetation indices also have been proved a consistent good performance for crop growth
estimation. Erdle et al. [26] compared three different active and passive spectral sensors to discriminate
biomass parameters and nitrogen status in wheat and found the red edge ratio vegetation index
(RERVI, R760/R730) was the most powerful and temporally stable spectral index for monitoring wheat
biomass and N status among all indices tested. Several studies also ascertained strong relationships
between the red-edge band and LAI of several crops [27,28]. As a result, it is necessary to evaluate
the performance of different vegetation indices derived from the RapidSCAN CS-45 sensor for winter
wheat growth and N status estimation.
Active sensors performed well for crop growth and N status estimation, however, it has mainly
been developed for close distance analyses (as e.g., on board of tractors) due to measurement height
limitation [29], while installation on aerial platforms is less usual. The RapidSCAN CS-45 sensor
runs on the novel Pseudo Solar Reflectance (PSR) technology that allows for height-independent
measurement. Thus, this type of active sensor can be carried on a low-altitude platform to collect data
at a broad spatial scale [30]. Remote sensing using aerial platforms represents a good compromise
between ground- and satellite-based platforms. For example, manned aircraft have been used to
monitor crop growth [31,32]. However, this method is costly and requires experienced labor, and is thus
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not practical for frequent use in farm production. Unmanned aerial vehicles (UAVs) are operated at
lower costs and require less skilled labor but still produce data with high spatial resolution. Although
some factors may affect this vehicle operability, such as payload capacity, flight duration, legal aspects,
ground area covered in each flight, etc., UAVs have been widely used to monitor crop leaf area index
(LAI; [33]), biomass [34], and N nutrition indicators [35] and to predict crop yield [36]. Most of the
sensors mounted on UAVs in previous studies were passive hyperspectral, multispectral or simple
digital cameras [37–39]. These require complicated and time-consuming image analyses, which are
challenging for operators without specialized skills or equipment. To date, little research has been
conducted on the suitability of using active sensors on UAVs.
While active sensors mounted on manned aircraft and UAVs have been used to monitor the vigor
and N status of maize and sorghum [30,40], the use of UAV-based active sensing to monitor the growth
of winter wheat has not been studied. Additional indicators of growth and N nutrition are needed.
Therefore, the objectives of this study were to (1) develop a rapid data acquisition method based on
a UAV-mounted RapidSCAN CS-45 sensor and (2) construct spectral monitoring models for three
growth indicators—LAI, leaf dry matter (LDM) and plant dry matter (PDM) and three N nutrition
indicators—leaf N accumulation (LNA), plant N accumulation (PNA) and N nutrition index (NNI) of
winter wheat. The results of our study will be useful for improving real-time methods to acquire crop
growth and N nutrition status and for guiding appropriate N management.
2. Materials and Methods
2.1. Study Site and Experimental Design
This study was conducted in Jiangsu Province, east China. Experiments 1 (2015–2016) and 3
(2016–2017) were conducted at Sihong Experimental Station (33.37◦N, 118.26◦E) using two winter
wheat varieties, “Xumai30” and “Huaimai20”, grown at five N levels: 0, 90, 180, 270, and 360 kg N ha−1.
Plants were spaced 25 cm apart and grown at a density of 2.25 million seedlings ha−1. Experiment 2
was conducted at Rugao Experimental Station (32.27◦N, 120.75◦E) from 2016 to 2017, using two winter
wheat varieties, “Yangmai15” and “Yangmai16”, at three N levels: 0, 150 and 300 kg N ha−1. Plants
were spaced 25 cm apart and grown at density of 3.00 million seedlings ha−1 and 1.50 million seedlings
ha−1. Experiment 4 (2018–2019) was conducted at Xinghua Experimental Station (33.08◦N, 119.98◦E)
using three winter wheat varieties, “Zhenmai12”, “Yangmai23”, and “Ningmai13”, grown at five N
levels: 0, 90, 180, 270 and 360 kg N ha−1. Plants were spaced 25 cm apart and grown at a density of
2.25 million seedlings in each hectare. Above seven varieties are the main planting cultivars in Jiangsu
Province, which all belong to semiwinter wheat cultivars. The major differences between cultivars are
plant type and height.
We used a randomized complete block design with three replicates for each treatment. Plot size
was 42 m2 (6 m × 7 m) in Experiments 1 and 3, 30 m2 (5 m × 6 m) in Experiment 2 and 63 m2 (7 m × 9 m)
in Experiment 4. The varieties were sown separately by manual seeding in each plot. Granular urea was
used as N fertilizer in all experiments and applied in two batches: 50% before sowing and 50% at the
wheat jointing stage (Feekes stages 6.0). Based on the results of soil analysis and the recommendations
from the local agricultural department, 105 kg P2O5 ha−1 was applied before sowing in the form of Ca
(H2PO4)2 and 135 kg K2O ha−1 was applied as two splits: 50% before sowing and 50% at the stem
elongation stage. Irrigation was applied one time to ensure the seeds germinated securely after sowing
if there was no rainfall. Sihong experimental station is located in warm temperate monsoon climate
zone, which receives approximately 2300 h of sunshine and 910 mm rainfall annually, with average
temperature of 16.2 ◦C. Rugao experimental station is in north subtropical humid climate zone, which
receive approximately 2100 h of sunshine and 1050 mm rainfall annually, with average temperature of
16.7 ◦C. Xinghua experimental station sites are in subtropical monsoon climate zone, which receive
approximately 2120 h of sunshine and 900 mm rainfall annually, with average temperature of 17.3 ◦C.
Detailed information can be found in Table 1.
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Table 1. Description of the field experimental conditions.
Experiment No. Location MeanTemperature (◦C)
Precipitation
(mm) Cultivar N Rate (kg ha























Feekes stages 11.1 (4-May)
Lime concretion black soil
Soil pH = 6.56
OM = 26.30 g kg−1
Total N = 2.91 g kg−1
Available P = 43.12 mg g−1

















Soil pH = 6.40
OM = 23.55 g kg−1
Total N = 1.55 g kg−1
Available P = 44.80 mg g−1




















Lime concretion black soil
Soil pH = 6.56
OM = 25.98 g kg−1
Total N = 2.80 g kg−1
Available P = 45.45 mg g−1






















Soil pH = 6.61
OM = 21.26 g kg−1
Total N = 1.71 g kg−1
Available P = 41.06 mg g−1
Available K = 108.61 mg g−1
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2.2. Spectral Data Collection
The RapidSCAN CS-45 sensor (Figure 1a; www.hollandscientific.com) weighs 0.8 kg and has
three fixed wavebands: red (R; 670 ± 5.5 nm), red edge (RE; 730 ± 5.5 nm) and near-infrared (NIR;
780 ± 10 nm). The two default vegetation indices produced by the sensor are the normalized difference
red edge (NDRE) and NDVI. Sensor memory module automatically records the spectral reflectance (%)
of the wheat canopy in each band, the default vegetation indices and Global Positioning System (GPS)
data at a frequency of 2.5 Hz (one reading per 0.4 s). The data is exported as a .csv file by PC software.
The spectral bands of sensor are scaled as percentages and will not vary with sensor height above a
planar target; this technology named PSR measurement ensures a degree of data stability within an
effective sensing distance (0.3–3 m above the canopy as introduced by the manufacturer). Therefore,
RapidSCAN CS-45 is feasible to mount on the UAV (Figure 1b; Mikrokopter OktoXL DW03; Beijing
Esky Tec. Ltd., Beijing, China) for practical application [30]. Before the flight, the UAV’s own platform
maintained a fixed posture after passing the self-test, the sensor was mounted on the UAV’s platform
using a customized gimbal and then the sensor’s light source was pointed downward vertically
via adjusting UAV’s platform angle. The sensor was manually triggered on to start collecting data,
then triggered off after the flight of the UAV. The UAV was flown automatically along predetermined
flight routes that aligned with the central axis of each plot, at a height of 1.5 m above the canopy and a
heading speed of 2 m s−1. The resulting field of view had an area of 0.33 m2.
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Figure 1. (a) The RapidSCAN CS-45 canopy sensor, (b) unmanned aerial vehicle (UAV) equipped 
with the RapidSCAN CS-45 sensor. 
1. (a) The RapidSCAN CS-45 canopy sensor, (b) unmanned aeri l vehicle (UAV) equipped with
the RapidSCAN S-45 sensor.
The spectral data were processed in ArcMap 10.5 (ESRI, Redlands, CA, USA) and assigned to
different sampling plots with the GPS position of each reading point. The yellow dots in Figure 2
indicate the test points recorded by the UAV-mounted RapidSCAN CS-45 sensor. The UAV flew two
times over each plot, the second flight was inverted with respect to the first one (Figure 2) and a buffer
of approximate 0.5 m was used to exclude the data near the plot boundary, then the reflectance values
of two measurements collected by the sensor were averaged to represent the spectral data of each plot.
Monitoring was conducted at the jointing (Feekes growth stages 6.0–9.0), booting (Feekes growth stage
10.0), heading (Feekes growth stage 10.3), flowering (Feekes growth stage 10.5.2) and filling stages
(Feekes growth stage 11.1) [41]. Data obtained by the sensor included spectral reflectance values in the
R, RE and NIR bands, which were used to calculate vegetation indices, as detailed in Table 2.
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Figure 2. Image produced by the registration between Global Positioning System (GPS) information of
experiment field (Exp. 4) and geographic-location information of spectral data. Note: Yellow points
represent data collected by the UAV equipped with a RapidSCAN CS-45 sensor. The blue box represents
the plot; in order to improve drainage, the plot was divided into two same sections: A and B, which are
used for plant sampling and spectral data collection, respectively. The red lines just represent the UAV
flight path direction, while the flight routes align with t e central axis of eac plot.
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Table 2. Vegetation indices used for the RapidSCAN CS-45 sensor.
Index Formula Reference
Normalized difference vegetation index
(NDVI) (NIR − R)/(NIR + R) [42]
Normalized difference red edge (NDRE) (NIR − RE)/(NIR + RE) [43]
Red edge soil-adjusted vegetation index
(RESAVI) 1.5 × [(NIR − RE)/(NIR + RE + 0.5)] [5]
Difference vegetation index (DVI) NIR − R [44]
Soil-adjusted vegetation index (SAVI) (1 + L)(NIR − R)/(NIR + R + L); L = 0.5 [45]
Red edge ratio vegetation index (RERVI) NIR/RE [46]
Perpendicular vegetation index (PVI) (NIR + 1.05R − 0.03)/SQRT(1 + 1.052) [44]
Red edge difference vegetation index (REDVI) NIR − RE [42]
Ratio vegetation index (RVI) NIR/R [47]
Red edge wide dynamic range vegetation
index (REWDRVI) (a × NIR − RE)/(a × NIR + RE); a = 0.12 [48]
Optimized vegetation index 1 (VIopt1) 100 × (lnNIR − lnRE) [46]
Transformed vegetation index (TVI) SQRT((NIR − R)/(NIR + R) + 0.5) [49]
Optimized soil-adjusted vegetation index
(OSAVI) (NIR − R)/(NIR + R + 0.16) [50]
Reflection in red edge (RRE) (NIR + R)/2 [51]
Red edge re-normalized different vegetation
index (RERDVI) (NIR − RE)/SQRT(NIR + RE) [52]
Red edge chlorophyll index (CIRE) NIR/RE − 1 [53]
Canopy chlorophyll content index (CCCI) (NDRE − NDREmin)/(NDREmax − NDREmin) [43]
2.3. Plant Sampling and Measurements
For field experiments where each plot is often small (42 m2 in Experiments 1 and 3, 30 m2 in
Experiment 2 and 63 m2 in Experiment 4) and grown homogeneously, it is common to take representative
destructive samples and canopy spectral measurements at different positions within each plot [7,17].
Once spectral data were collected, the plants in the corresponding plots were destructively sampled
synchronously. Twenty plants in the corresponding plots were randomly sampled and averaged in
each plot. The plants were separated into stems and leaves. The LAI was measured using a Li-3000c
leaf area meter (Li-Cor, Lincoln, NE, USA). Each subsample of stem and leaf was oven-dried for 30 min
at 105 ◦C to stop all plant metabolic activities, and then dried at 80 ◦C until it reached a constant weight.
The weight of each subsample was recorded at this point, and LDM and PDM were determined. The N
nutrition indicators, such as leaf N content (LNC) and stem N content (SNC), were measured using the
micro-Kjeldahl method [54].























where LDM and SDM (kg ha−1) are the dry matters weight of leaves and stems, LNC and SNC are the
N concentrations of the leaves and stems, respectively.
We used the critical N dilution curve of winter wheat developed by Zhao et al. [55] in this study:
Ncnc = 4.33DM−0.45 (3)
where Ncnc is the critical N concentration [56] and DM is the aboveground biomass equivalent to
PDM (t ha−1).
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where n is the number of samples, Qi is the observed value and Pi is the value derived from the model.
3. Results
3.1. Variability of Wheat Growth and Nitrogen Status Indicators
The growth (LAI, LDM, PDM) and N (LNA, PNA, NNI) indicators varied greatly across all
growth stages, different N treatments, varieties and site-years (Table 3). For calibration data, the PNA
was most variable (coefficient of variation (CV) = 71.70%) across all growth stages, followed by LNA
(CV = 70.11%), LAI (CV = 60.08%), PDM (CV = 57.14%) and LDM (CV = 51.00%), and NNI had the
lowest coefficient of variation (43.28%). The analysis showed that LDM, PDM, LNA and PNA were
more variable during Feekes stages 6.0–10.0 (CV = 53.46%, 56.31%, 72.79% and 70.04%, respectively)
than Feekes stages 10.3–11.1 (CV = 49.49%, 35.46%, 66.61% and 62.09%, respectively), and LAI,
NNI showed more variable during Feekes stages 10.3–11.1 (CV = 62.21% and 44.44%, respectively)
than stages 6.0–10.0 (CV = 52.24% and 40.63%, respectively). This was similar for both the calibration
and validation experiment datasets. The large variability of these parameters made it possible to
evaluate the performance of using the sensor for estimating winter wheat growth and N status.
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Table 3. Descriptive statistics of winter wheat leaf area index (LAI), leaf dry matter (LDM), plant dry matter (PDM), leaf nitrogen accumulation (LNA), plant N
accumulation (PNA) and nitrogen nutrition index (NNI) across varieties, sites (Sihong, Rugao, and Xinghua) and years (2015–2019).
Parameter Growth Stage
Calibration Data Validation Data
N Min. Max. Mean SD CV (%) N Min. Max. Mean SD CV (%)
LAI
Feekes stages 6.0–10.0 252 0.33 5.89 2.36 1.28 52.24 90 1.56 4.88 2.93 0.85 29.01
Feekes stages 10.3–11.1 186 0.26 7.51 2.99 1.86 62.21 90 1.44 6.84 3.47 1.10 31.70
All growth stages 438 0.26 7.51 2.63 1.58 60.08 180 1.44 6.84 3.20 1.02 31.88
LDM
Feekes stages 6.0–10.0 252 0.15 2.83 1.01 0.54 53.46 90 0.57 2.10 1.19 0.35 29.41
Feekes stages 10.3–11.1 186 0.14 2.28 0.99 0.49 49.49 90 0.58 2.62 1.38 0.42 30.43
All growth stages 438 0.14 2.83 1.00 0.51 51.00 180 0.57 2.62 1.29 0.40 31.01
PDM
Feekes stages 6.0–10.0 252 0.53 7.91 2.93 1.65 56.31 90 1.35 5.08 2.93 0.88 30.03
Feekes stages 10.3–11.1 186 0.97 11.54 6.09 2.16 35.46 90 3.23 12.69 7.72 1.95 25.26
All growth stages 438 0.53 11.54 4.27 2.44 57.14 180 1.35 12.69 5.32 2.84 53.38
LNA
Feekes stages 6.0–10.0 252 1.49 107.81 29.30 21.33 72.79 90 13.61 88.83 41.31 16.58 40.14
Feekes stages 10.3–11.1 186 1.90 100.94 32.08 21.37 66.61 90 14.53 77.57 42.84 16.96 39.59
All growth stages 438 1.49 107.81 30.48 21.37 70.11 180 13.61 88.83 42.08 16.74 39.78
PNA
Feekes stages 6.0–10.0 252 5.45 207.86 52.93 37.07 70.04 90 23.07 133.26 64.52 23.53 36.47
Feekes stages 10.3–11.1 186 8.83 246.63 88.57 55.00 62.09 90 31.54 170.27 93.12 33.97 36.48
All growth stages 438 5.45 246.63 68.06 48.80 71.70 180 23.07 170.27 78.82 32.47 41.20
NNI
Feekes stages 6.0–10.0 252 0.18 1.57 0.64 0.26 40.63 90 0.45 1.26 0.82 0.21 25.61
Feekes stages 10.3–11.1 186 0.21 1.64 0.72 0.32 44.44 90 0.38 1.06 0.69 0.18 26.09
All growth stages 438 0.18 1.64 0.67 0.29 43.28 180 0.38 1.26 0.75 0.21 28.00
Note: SD: standard deviation of the mean; CV: coefficient of variation (%).
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3.2. Dynamic Changes in Vegetation Indices
The dynamic temporal changes in the default vegetation indices with Feekes growth stages of
Huaimai20 in Experiment 1 are displayed in Figure 3. The vegetation indices exhibited similar trends
in all N treatments as wheat growth progressed. NDRE values increased slowly and then gradually
decreased (Figure 3a). In contrast, NDVI values increased slowly and then remained high (Figure 3b).
The values of the vegetation indices of plants treated with high N levels were generally higher than
those of plants treated with low N levels, indicating that increased amounts of N fertilizer led to
changes in leaf color, which then resulted in higher vegetation index values. The NDRE represented
the growth process of winter wheat better than the NDVI. Figure 3b showed a crossing of the NDVI
course between N2 (180 kgN/ha) and N3 (270 kgN/ha) treatment; the NDVI values under N3 treatment
are lower than that under N2 treatment before Feekes growth stage 10.0. This phenomenon may be
due to the N2 and N3 plots having similar growth status after N topdressing (NDRE course also
showed the close values between N2 and N3 treatments), but the NDVI index cannot well distinguish
this difference.
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3.3. Relationships between Crop Growth Indicators and Vegetation Indices
Growth indicators such as LAI, LDM and PDM were obtai ed for each spectral sensing period.
We considered two general wheat growth stages: before heading (Feekes stages 6.0–10.0) and after
heading (Feekes stages 10.3–11.1); all growth stages were also considered separately. Based on the
vegetation indices listed in Table 2, quantitative relationships between vegetation indices and growth
indicators were systematically analyzed. Table 4 lists the top 6 vegetation indices (listed with descending
order based on R2 values) based on spectral reflectance values exported from the RapidSCAN CS-45
sensor, which were used to establish linear regression models with growth indicators of winter wheat.
Vegetation indices were better at monitoring the LAI, LDM and PDM of winter wheat at Feekes
stages 10.3–11.1 than at Feekes stages 6.0–10.0. At Feekes stages 6.0–10.0 and 10.3–11.1, and across
all growth stages, the relationships between vegetation indices and LAI had R2 values of 0.73–0.88,
and the RERVI and red edge chlorophyll index (CIRE) had higher correlation with LAI than other
vegetation indices, with R2 values of more than 0.75 at Feekes stages 6.0–10.0 and 10.3–11.1, and across
all growth stages. At Feekes stages 6.0–10.0, R2 values for the relationships between vegetation indices
and PDM ranged from 0.62 to 0.64, which were slightly higher than the R2 values for relationships
with LDM (R2 = 0.59–0.61). The DVI was most closely associated with LDM (R2 = 0.61) and PDM
(R2 = 0.64) at Feekes stages 6.0–10.0. At Feekes stages 10.3–11.1, R2 values for associations between
vegetation indices and LDM ranged from 0.70 to 0.78, which were slightly higher than the R2 values
for associations with PDM (R2 = 0.68–0.73). The DVI was the top vegetation indice for estimating LDM
(R2 = 0.78) and PDM (R2 = 0.73) at Feekes stages 10.3–11.1. Across all growth stages, the values of R2
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for vegetation indices-LDM relations ranged from 0.59 to 0.61, and the DVI, RERVI and CIRE were
most closely associated with LDM (R2 = 0.61). The values of R2 for vegetation indices-PDM relations
ranged from 0.54 to 0.63, and the DVI and RVI were most closely associated with PDM (R2 = 0.60–0.63)
across all growth stages.
Table 4. Coefficients of determination (R2) for pair-wise associations between top 6 vegetation indices
and leaf area index (LAI), leaf dry matter (LDM), and plant dry matter (PDM) at different growth stages
across varieties, sites (Sihong and Rugao), and years (2015–2017). The full name of each vegetation








RERVI 0.75 DVI 0.61 DVI 0.64
CIRE 0.75 RERVI 0.60 RERVI 0.63
REWDRVI 0.75 CIRE 0.60 CIRE 0.63
REDVI 0.74 REDVI 0.60 REDVI 0.63
RERDVI 0.74 REWDRVI 0.60 REWDRVI 0.63




RERVI 0.88 DVI 0.78 DVI 0.73
CIRE 0.88 RVI 0.76 RVI 0.71
REWDRVI 0.88 RERVI 0.71 SAVI 0.69
DVI 0.87 CIRE 0.71 OSAVI 0.69
REDVI 0.87 REWDRVI 0.71 NDVI 0.69
RERDVI 0.87 SAVI 0.70 TVI 0.68
All growth
stages
RERVI 0.78 DVI 0.61 DVI 0.63
CIRE 0.78 RERVI 0.61 RVI 0.60
DVI 0.78 CIRE 0.61 SAVI 0.55
REWDRVI 0.78 REDVI 0.60 OSAVI 0.54
REDVI 0.78 REWDRVI 0.60 NDVI 0.54
RERDVI 0.77 RERDVI 0.59 RERDVI 0.54
3.4. Relationships between N Nutrition Indicators and Vegetation Indices
We used linear regression to analyze the relationships between vegetation indices calculated from
the spectral reflectance data collected by the RapidSCAN CS-45 sensor and N nutrition indicators,
namely, LNA, PNA and NNI. We selected top 6 vegetation indices (listed with descending order
based on R2 values) to establish linear regression models with N nutrition indicators of winter wheat
at Feekes stages 6.0–10.0 and 10.3–11.1, and across all growth stages (Table 5). At Feekes stages
6.0–10.0, R2 values for associations with LNA, PNA and NNI ranged from 0.61 to 0.66, 0.60 to 0.65 and
0.48 to 0.52, respectively. The DVI, RERVI and CIRE were more closely associated with N nutrition
indicators (R2 = 0.50–0.66) at Feekes stages 6.0–10.0. At Feekes stages 10.3–11.1, the relationships
between vegetation indices and LNA, PNA and NNI had R2 values of 0.65–0.72, 0.75–0.82 and 0.75–0.81,
respectively, and the best performing vegetation index for estimating N nutrition indicators was DVI
(R2 = 0.72–0.82). Across all growth stages, R2 values for associations with LNA, PNA and NNI ranged
from 0.61 to 0.65, 0.65 to 0.73 and 0.58 to 0.63, respectively. The DVI, RERVI and CIRE were more
closely associated with N nutrition indicators (R2 = 0.62–0.73) across entire growth stages.
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Table 5. Coefficients of determination (R2) for pair-wise associations between top 6 vegetation indices
and leaf nitrogen accumulation (LNA), plant N accumulation (PNA) and nitrogen nutrition index (NNI)
at different growth stages across varieties, sites (Sihong and Rugao) and years (2015–2017). The full








DVI 0.66 DVI 0.65 DVI 0.52
RERVI 0.64 RERVI 0.63 RERVI 0.50
CIRE 0.64 CIRE 0.63 CIRE 0.50
REDVI 0.63 REDVI 0.62 REWDRVI 0.49
REWDRVI 0.63 REWDRVI 0.62 REDVI 0.49




DVI 0.72 DVI 0.82 DVI 0.81
RVI 0.72 REDVI 0.76 RERVI 0.75
SAVI 0.66 RERVI 0.76 CIRE 0.75
RERVI 0.65 CIRE 0.76 REDVI 0.75
CIRE 0.65 REWDRVI 0.75 REWDRVI 0.75
OSAVI 0.65 RVI 0.75 RERDVI 0.75
All growth
stages
DVI 0.65 DVI 0.73 DVI 0.63
RERVI 0.63 RERVI 0.67 RERVI 0.62
CIRE 0.63 CIRE 0.67 CIRE 0.62
REDVI 0.62 RVI 0.67 REDVI 0.60
REWDRVI 0.62 REDVI 0.66 REWDRVI 0.59
RERDVI 0.61 REWDRVI 0.65 RERDVI 0.58
3.5. Model Validation
Data collected from Experiment 4 was used to validate the top 6 regression models developed in
this work, and verification results were listed with ascending order based on RMSE values (Tables 6
and 7). At Feekes stages 6.0–10.0, 10.3–11.1 and across entire growth stages, the predictions of growth
(LAI, LDM and PDM) and N (LNA, PNA and NNI) indicators mostly underestimate the actual values
with the bias values less than 0 (Tables 6 and 7). At Feekes stages 6.0–10.0, the results indicated that
DVI performed better than other vegetation indices for estimating agronomic indicators (Figure 4a–e,
R2 = 0.56–0.74), except PDM, which was more strongly related with RERVI (Figure 4f, R2 = 0.61) and
CIRE (R2 = 0.61). At Feekes stages 10.3–11.1, the validation results showed that DVI performed better
than other vegetation indices for estimating LAI (Figure 5a, R2 = 0.69), LDM (Figure 5b, R2 = 0.69),
PDM (Figure 5c, R2 = 0.43) and PNA (Figure 5d, R2 = 0.68), while RERVI performed well for estimating
LNA (Figure 5e, R2 = 0.75) and NNI (Figure 5f, R2 = 0.78). Across all growth stages, the validation
results indicated that DVI performed better than other vegetation indices for estimating growth and N
indicators (Figure 6a–e, R2 = 0.32–0.72), except NNI, which was more closely associate with RERVI
(Figure 6f, R2 = 0.41) and CIRE (R2 = 0.41). Overall, at Feekes stages 6.0–10.0, 10.3–11.1 and across
entire growth stages, the RERVI, CIRE and DVI were better for predicting growth and N nutrition
status than other RE and R bands-based vegetation indices, respectively.
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Table 6. Validation results for the pair-wise associations between top 6 vegetation indices and leaf area index (LAI), leaf dry matter (LDM) and plant dry matter (PDM)








DVI 0.68 0.72 −0.54 DVI 0.72 0.23 −0.13 RERVI 0.61 0.69 −0.42
RERVI 0.67 1.02 −0.92 RERVI 0.72 0.36 −0.31 CIRE 0.61 0.69 −0.42
CIRE 0.67 1.02 −0.92 CIRE 0.72 0.36 −0.31 DVI 0.60 0.69 −0.42
RERDVI 0.67 1.05 −0.94 RERDVI 0.72 0.38 −0.33 RERDVI 0.60 0.70 −0.43
REWDRVI 0.67 1.06 −0.94 REWDRVI 0.72 0.38 −0.33 REWDRVI 0.60 0.70 −0.43




DVI 0.69 0.92 −0.60 DVI 0.69 0.48 −0.42 DVI 0.43 1.56 −0.12
REDVI 0.69 1.47 −1.32 RERVI 0.69 0.63 −0.59 TVI 0.43 1.57 0.10
RERVI 0.69 1.49 −1.36 CIRE 0.69 0.63 −0.59 SAVI 0.43 1.61 0.14
CIRE 0.69 1.49 −1.36 REWDRVI 0.69 0.63 −0.59 NDVI 0.43 1.61 0.16
REWDRVI 0.69 1.50 −1.36 SAVI 0.65 0.65 0.37 OSAVI 0.42 2.84 1.51




DVI 0.70 0.71 −0.42 DVI 0.72 0.34 −0.26 DVI 0.32 2.52 −0.89
RERVI 0.70 1.19 −1.06 RERVI 0.72 0.48 −0.42 SAVI 0.31 2.53 0.81
CIRE 0.70 1.19 −1.06 CIRE 0.72 0.48 −0.42 NDVI 0.30 2.53 0.82
REWDRVI 0.70 1.21 −1.08 RERDVI 0.72 0.49 −0.43 RERDVI 0.30 2.93 −1.70
RERDVI 0.70 1.21 −1.08 REWDRVI 0.72 0.49 −0.43 OSAVI 0.29 3.50 2.52
REDVI 0.70 1.24 −1.11 REDVI 0.72 0.50 −0.44 RVI 0.29 4.05 2.34
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Table 7. Validation results for the pair-wise associations between top 6 vegetation indices and leaf nitrogen accumulation (LNA), plant N accumulation (PNA) and








DVI 0.74 12.86 −9.50 DVI 0.72 14.50 −7.58 DVI 0.56 0.26 −0.21
RERVI 0.74 19.61 −17.16 RERVI 0.72 23.98 −20.46 RERDVI 0.54 0.28 −0.23
CIRE 0.74 19.61 −17.16 CIRE 0.72 23.98 −20.46 RERVI 0.54 0.29 −0.24
RERDVI 0.74 19.90 −17.52 RERDVI 0.72 24.61 −21.05 CIRE 0.54 0.29 −0.24
REWDRVI 0.74 20.14 −17.68 REWDRVI 0.72 24.97 −21.34 REWDRVI 0.53 0.29 −0.24




RERVI 0.75 11.58 −9.42 DVI 0.68 22.79 −8.45 RERVI 0.78 0.13 −0.10
CIRE 0.75 11.58 −9.42 RERVI 0.67 34.50 −28.29 CIRE 0.78 0.13 −0.10
DVI 0.73 12.05 −9.56 CIRE 0.67 34.50 −28.29 REWDRVI 0.78 0.13 −0.10
SAVI 0.68 12.32 6.30 REWDRVI 0.67 34.54 −28.29 DVI 0.78 0.13 −0.10
NDVI 0.68 12.47 6.55 REDVI 0.67 35.33 −29.36 REDVI 0.78 0.14 −0.11




DVI 0.71 14.01 −10.47 DVI 0.69 19.98 −7.90 RERVI 0.41 0.22 −0.16
RERVI 0.71 19.60 −17.24 RERVI 0.69 30.87 −24.92 CIRE 0.41 0.22 −0.16
CIRE 0.71 19.60 −17.24 CIRE 0.69 30.87 −24.92 REWDRVI 0.41 0.22 −0.16
RERDVI 0.71 20.07 −17.63 REWDRVI 0.69 31.08 −25.14 RERDVI 0.41 0.22 −0.16
REWDRVI 0.71 20.24 −17.73 REDVI 0.69 31.95 −26.09 DVI 0.41 0.23 −0.16
REDVI 0.71 20.61 −18.06 RVI 0.63 38.62 21.98 REDVI 0.41 0.27 −0.22
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Based on the results of establishment and validation of the models, several vegetation indices
performed consistently well in agronomic indicators estimation during each growth stage. At Feekes
stages 6.0–10.0, DVI was the best index at predicting LDM, LNA, PNA and NNI. Conversely, RERVI
and CIRE based monitoring models predicted LAI and PDM most accurately among these vegetation
indic used in this study. At Feekes stages 10.3–11.1, the best performing vegetation ind x for
estimating growth and N nutrition status was DVI. Across all growth stages, DVI m dels were the best
at predicting growth and N nutrition indicators, except RERVI and CIRE performed best for estimating
NNI among these vegetation indices discussed in this study.
4. Discussion
In this study, we analyzed dynamic changes in the NDRE (Figure 3a) and NDVI (Figure 3b) as
calculated from data obtained by a UAV-mounted RapidSCAN CS-45 sensor. The dynamic tendency of
NDRE under 180 (N2), 270(N3) and 360 (N4) kg/ha N treatments showed strong similarity, which may
be the result of decrease of crop N uptake efficiency under high N application rates. Previous studies
also indic t that the limitation of crop N uptak efficiency due to too high availability of N in the
soil [58,59]. The NDVI r mained high at the late grow st g s (Figure 3b) and wa likely saturated at
high plant biomass [17]. The R band becomes saturated with canopy closure and reduced penetration
of visible light and NIR into the canopy, thus affecting vegetation indices which involve R band [60].
Similar results have been reported for monitoring growth status of rice [61], spring maize [18] and
winter wheat [26]. In contrast, RE radiation can penetrate deeper into the crop canopy due to its lower
absorption by chlorophyll. The dynamic changes of NDRE (Figure 3a) represented the growth process
of winter wheat better than the NDVI (Figure 3b), which is consistent with the fact that the RE band is
less likely to be saturated compared to the R band [62]. As expected, vegetation indices that use the RE
band such as RERVI was better at predicting growth and nutrition indicators in our study. For example,
at Feekes stages 6.0–10.0, 10.3–11.1 and across entire growth stages, RERVI (R2 = 0.50–0.88) was highly
correlated with growth (LAI, LDM, PDM) and N nutrition (LNA, PNA, NNI) indicators. Similarly,
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vegetation indices that use RE bands were reported to be better at predicting LAI [28,63], chlorophyll
content [64], and N concentration [65], and were less affected by saturation effects in contrast to indices
that use R bands. Additionally, the NIR band is reported to be closely associated with crop canopy
architecture and plant intracellular airspaces and allows for deep canopy exploration even with high
aboveground biomass [66,67], consistent with our results.
As in previous studies that considered a suite of agronomic parameters [17,61,68], we tested
a UAV-mounted RapidSCAN CS-45 active canopy sensor to monitor six growth and N nutrition
indicators (LAI, LDM, PDM, LNA, PNA and NNI) in this study. Among the determination of the
models, the DVI was highly correlated (R2 = 0.52–0.87) with growth and N nutrition indicators at
Feekes stages 6.0–10.0 and 10.3–11.1, and across all growth stages. The DVI (R2 = 0.57) had a similar,
slightly higher correlation with vine LAI than the NDVI (R2 = 0.53) or RVI (R2 = 0.54) in a study using
satellite data [69] and predicted rice LAI (R2 = 0.80) most accurately at the panicle-initiation stage
in a study using a UAV-based remote sensing system [24]. The DVI can also be used to accurately
estimate crop characteristics and classification [70,71] and to predict winter wheat yield [25] (The yield
information in this study is shown in Supplementary file—Table S1 and Figure S1). In this study,
the LAI estimation (Table 4: R2 = 0.73–0.88) performed relatively better than that of LDM (Table 4:
R2 = 0.59–0.78) and PDM (Table 4: R2 = 0.54–0.73) at Feekes stages 6.0–10.0 and 10.3–11.1, and across
all growth stages; this might be because the LAI is significant canopy-structure-parameter, which
largely dominate the canopy reflectance [72]. Previous studies also indicated that the LAI was better
performing compared to biomass estimation [73,74], which were consistent with our study. During the
validation of the models (Figures 4–6), the predictions of agronomic indicators mostly underestimate
the actual values, for example, the LDM model (Figure 4b) had a slope of 1.00, but the intercept of
0.13 and the bias of −0.13 caused the model to underpredict LDM at Feekes stages 6.0–10.0; at Feekes
stages 10.3–11.1, the PNA model (Figure 5d; slope = 0.77, intercept = 27.87, bias = −8.45 kg ha−1)
appeared to underestimate actual values particularly for lower PNA (<121 kg ha−1); the LAI model
(Figure 6a) showed overall underestimation with a bias of -0.42 across all growth stages, further, the
intercept (0.85) and slope (0.84) of the model indicated that the model underpredicts LAI for values
≤ 5.3 and overpredicts LAI for values > 5.3. The difference of plant type and height affected the spectral
reflectance among different wheat varieties [75], which may lead to the difference between predicted
and observed values. Previous studies also indicated that the spectral difference of crop cultivars
results in the estimated deviation of agronomic parameters [76,77]. Thus, more abundant data from
different years, ecological sites and varieties should be considered to construct the more universal
estimation model in future study.
Modeling scores were higher at Feekes stages 10.3–11.1 than 6.0–10.0 in this study, probably
because the vegetation was sparse (no canopy closure) at early growth stage and spectral reflectance
was more influenced by the bare soil surface; previous studies also found this similar phenomenon in
predicting leaf nitrogen content and plant N uptake of winter wheat and rice NNI during early growth
stages [23,78]. Soil adjusted vegetation index (SAVI) was used to eliminate the influence of soil [45],
but it exhibited low efficiency in this study. Other studies found that fluorescence sensing could detect
N variability as early as at the V5 stage (Feekes stages 5.0 in wheat) of maize and was not influenced
by soil background [79]. Across all growth stages, the validation results of estimation models, such as
PDM (Figure 6c) and NNI (Figure 6f), showed the separation of scatter points between before and
after heading stages, the emergence of spike may influence the performance of spectral models at the
late growth stages [80,81], other studies also indicated the influence of growth stages on agronomic
parameters estimation [82,83]. Several growth stages were considered in two general categories: before
and after heading stages in this study. Thus, the developed models are more flexible and allow for
indicators to be monitored at each growth stage.
UAV-based sensors mainly comprise multispectral, hyperspectral and simple RGB cameras, which
can provide image-based data for several spectral indices to estimate crop growth and N status [37–39].
However, the processing of these image-based data, which includes image capturing and splicing,
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geometric correction and extraction of useful spectral data, is complex and often time-consuming,
especially when data are collected over large areas. Data processing also requires high-performance
computers, specific software and highly trained technical staff [5]. UAV-based remote sensing system
used passive optical sensors, which are susceptible to the light intensity and monitoring conditions [23].
In contrast, the active canopy sensor used in this study is not influenced by ambient illumination, as it
has an internal polychromatic light source. Therefore, data acquisition using this active sensor is not
affected by sampling time or weather, and the data on crop growth have been used to identify the N
nutrition status of crops [84], to monitor rice N status and soybean productivity [85,86] and to select
wheat cultivars in real time [87]. Additionally, geotagged spectral data can be exported directly as a
.csv file from the sensor without preprocessing, and the vegetation indices could be directly calculated
according to three band (R, RE, NIR) reflectance values. In general, the sensor is suitable for monitoring
crop growth status by common user at critical diagnosis period. According to the manufacturer’s
instructions, the spectral reflectance bands of RapidSCAN CS-45 sensor are scaled as percentages
and will not vary with sensor height above a planar target, which ensures the sensor can be carried
on a low-altitude platform to collect data at a large scale. The UAV-mounted RapidSCAN CS-45
sensor has been used to monitor maize N status by manually operating the UAV at heights of 0.5 to
1.5 m [30]. The UAV used in this study was flown automatically along predetermined flight routes
that aligned with the central axis of each plot at a height of 1.5 m above the wheat canopy, and at a
speed of 2 m s−1. Previous studies showed that 40 h were needed to collect 20,000 plots’ (1 m wide by
4 m long) spectral data on single rows using a single vehicle at speed about 0.56 m s−1, and it would
be more time-consuming by handheld sensing (about 0.5 m s−1; [29]). The UAV sensing system in
this study had approximate flight duration of 20 min and could run close to 2400 m per set battery
charge. Therefore, the data acquisition method based on a UAV-mounted RapidSCAN CS-45 sensor is
practicable for monitoring crop growth status at moderate and large scale application. Yet some points
still need to be addressed for the practical application of this data acquisition method. (1) As shown in
Figure 2, the spectral data points of RapidSCAN CS-45 should be assigned to different sampling plots
for data extraction, so a geotagged orthographic image of the measurement area is needed before the
data collection. (2) Both the UAV’s automatic flight and the data collection of sensor depend on its
own GPS information, therefore, more accurate geographic location information would help in data
acquisition. In the current market of UAV applications, Real-Time Kinematic GPS (RTK GPS) could
provide centimeter-level high accuracy 3D positioning of the drone [88], this powerful technology
would facilitate better application of the UAV-sensing system. (3) As introduced in the Materials and
Methods section, the sensor was manually triggered on to start collecting data, then triggered off after
the flight of the UAV. If the sensor could be activated automatically at the start point of measurement
area, and turned off automatically at the end point, then the data acquisition will be more convenient.
This should be considered in future study. (4) Although the sensing data processing of this UAV
sensing system was relatively simple, it is necessary to develop automatic procedures for real time
data transmission and processing, which would help to further crop management. (5) Payload weight
limitations for UAV are generally 20–30% of the total weight of the system [89], the RapidSCAN CS-45
sensor weighs 0.8 kg, which needs to be mounted on the relatively large UAV platform. (6) The short
flight duration was a significant restriction for development of traditional multirotor UAV, and the
flight duration was approximately 25 min for the majority of the current multirotor UAV system [90].
For a larger area application, the battery and other power performance of UAV still should be improved
to increase the flight duration. (7) The cost of UAV used in this study range up to US$ 28,000 and for
that of the RapidSCAN CS-45 sensor upwards of US$ 5000. However, it is anticipated that a gradual
drop in UAV prices may occur in the near future given increasing competition between UAV producers
and the increasing civilian applications of UAV.
In this study, the estimation models of PDM (R2 = 0.63), PNA (R2 = 0.65) and NNI (R2 = 0.52)
in winter wheat were established at Feekes stages 6.0–10.0, which covered the critical topdressing
N periods (Feekes stages 6.0) for wheat production in study area [7]. The N accumulation during
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this period could effectively contribute to spikelet production and grain filling in cereals. So, it is
advisable to confirm sufficient N accumulation prior to the onset of reproductive phase for grain
filling. Previous studies used PNA difference calculated by the estimated PNA minus the critical PNA
to guide in-season topdressing N application. For example, researchers took the regional optimal
N rates (100 kg N ha−1) as the rice initial total N rate, with 40% and 30% being applied as basal
and tillering N fertilizers, respectively, in the Sanjiang Plain of Northeast China. For topdressing N
application at the rice stem elongation stage, 30% of the initial total N rate were applied if the N status
was optimal. Otherwise, the topdressing N rates can be adjusted based on deficient or surplus N
amounts (PNA difference; [78]). Giletto and Echeverría [91] also calculated the potato N requirement
(the gap between plant N uptake and critical N uptake) to correct N deficiency, but this method is time
consuming and complex. Meanwhile, a favorable relationship (R2 = 0.98) between N requirements
and NNI were observed. Yao et al. [59] also indicated a good relationship between wheat N deficit and
NNI in Feekes growth stages 5.0 (R2 = 0.82), 6.0 (R2 = 0.82), 10.0 (R2 = 0.91) and 10.3 (R2 = 0.89), which
means the real time estimation of NNI had potential to guide in season topdressing N application.
The UAV mounted active canopy sensor could be used to nondestructively determine crop N status,
and further studies are required to assess whether the UAV sensing system in this study can be applied
for in-season topdressing N.
Due to time and labor required to obtain synchronously agronomic parameters, this work mainly
analyzed the growth stages start at Feekes stages 6.0. Monitoring frequency before Feekes stages 6.0
could be increased in future studies to improve the model accuracy for each spectral indicator, further
improving crop N management. Additionally, similar investigations could be conducted for different
crop species in other ecological areas, to further our knowledge of monitoring models and indicators.
5. Conclusions
Our results demonstrated that a UAV-mounted RapidSCAN CS-45 sensor can be used to monitor
the growth and N nutrition status of winter wheat. For monitoring growth and N nutrition status
at Feekes stages 6.0–10.0, 10.3–11.1 or across all growth stages, the RERVI, CIRE and DVI performed
the best among the RE-based and R-based vegetation indices, respectively. Across all growth stages,
the DVI was highly correlated with LAI (R2 = 0.78), LDM (R2 = 0.61), PDM (R2 = 0.63), LNA (R2 = 0.65)
and PNA (R2 = 0.73). Similarly, RERVI (R2 = 0.62) and CIRE (R2 = 0.62) showed a stronger relationship
with NNI than other vegetation indices. The monitoring models predicted each indicator more
accurately at Feekes stages 10.3–11.1 than at Feekes stages 6.0–10.0. We conclude that the use of a
UAV-mounted active canopy sensor is appropriate for rapid and nondestructive monitoring of the
growth and N nutrition indicators of winter wheat. Thus, we recommend this remote-sensing platform
and data acquisition method for monitoring crop growth and N status.
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Based on the vegetation indices listed in Table 2, quantitative linear relationships between 
vegetation indices and yield of winter wheat were systematically analyzed. The table S1 
showed the top 6 vegetation indices (listed with descending order based on R2 values) for 
yield estimation at different growth stages. The DVI was better correlated with yield at 
Feekes growth stages 6.0 (Fig. S1a: R2 = 0.63), 9.0 (Fig. S1b: R2 = 0.71), 10.3 (Fig. S1c: R2 = 0.75), 
and 10.5.2 (Fig. S1d: R2 = 0.74) than other vegetation indices tested. 
 
Table S1. Coefficients of determination (R2) for pair-wise associations between top 6 vegetation indices 
and yield of winter wheat at different growth stages across varieties, sites, and years. 
Feekes 6.0 Feekes 9.0 Feekes 10.3 Feekes 10.5.2 
Index R2 Index R2 Index R2 Index R2 
DVI 0.63 DVI 0.71 DVI 0.75 DVI 0.74 
RESAVI 0.57 RERVI 0.68 RERVI 0.73 RERVI 0.72 
RERVI 0.55 CIRE 0.68 CIRE 0.73 CIRE 0.72 
CIRE 0.55 RESAVI 0.65 RESAVI 0.68 RESAVI 0.66 
VIopt1 0.53 VIopt1 0.65 VIopt1 0.68 VIopt1 0.66 
RERDVI 0.53 RERDVI 0.64 REWDRVI 0.67 RERDVI 0.65 
 
 
Figure S1. The associations between the DVI and yield of winter wheat at Feekes growth stages (a) 6.0, 
(b) 9.0, (c) 10.3, and (d) 10.5.2 across varieties, sites, and years. 
 
 
